In this review we discuss a stochastic turbulent wind profile based on the three-dimensional stochastic Langevin equation for Gram-Chalier probability density function and a known mean wind velocity. Its solution permits to simulate radioactive substances dispersion in a turbulent regime, which is of interest for nuclear reactor accident scenarios and their related emergency actions. We discuss the stochastic Langevin equation together with an analytical method for solving the three-dimensional and time dependent equation which is then applied to radioactive substance dispersion for a stochastic turbulence model. The solution is obtained using the Adomian Decomposition Method, which provides a direct scheme for solving the problem without the need for linearisation and any transformation. The results of the model are compared to case studies with measured data and further compared to procedures and predictions from other approaches.
Introduction
Increasing energy demand and the related climate problem has beside other options reawaken nuclear energy as one possible pathway out of the as problematic predicted future perspectives, such as electricity shortages, fossil fuel price increases, global warming and heavy metal emissions from fossil fuel use among others. Estimates indicate that within the next two decades electrical energy consumption will double, which implies an increase in nuclear power plants. Experience gathered along the nuclear history has sharpened the rules and regulations that lead to the commissioning of latest generation nuclear technology. One of the issues is the choice of the site considering meteorological aspects as well as possible accident scenarios and their related emergency actions. In this line the following contribution focuses on the question of radioactive material dispersion after discharge from a nuclear power plant. The atmosphere is considered the principal vehicle by which radioactive materials that are either released from a nuclear power plant in experimental or eventually in accidental events could be dispersed in the environment and result in radiation exposure of plants, animals and last not least humans. Thus, the evaluation of airborne radioactive material transport in the atmosphere is one of the requirements for design and licensing of a nuclear power plant. In order to analyse the (possible) consequences of radioactive discharge atmospheric dispersion models are of need, which have to be tuned using specific meteorological parameters and conditions in the considered region. Moreover, they shall be subject to the local orography and supply with realistic information on radiological consequences of routine discharges and potential accidental releases of radioactive substances. Furthermore, case studies by model simulations may be used to establish limits for escape of radioactive material from the power plant into the atmosphere. To this end in the present study, the wind profile with its turbulent properties for the different stability regimen in the planetary boundary layer are determined using the non-linear stochastic Langevin equation for a known average wind velocity field and probability density functions depending on the regimen in consideration. We show how the model is solved analytically using the decomposition method which then may provide short, intermediate and long term (normalized) concentrations and permit to assess the probability of occurrence of high contamination level case studies of accidental scenarios and additionally serve as a supplement for designing emergency response plans. The stochastic character of the process is implemented using the appropriate Gaussian, bi-Gaussian and Gram-Chalier probability distributions for the different stabilities. Exactness of the solution is manifest in stable convergence, which we control by a Lyapunov theory inspired criterion. The most adequate probability distribution is indicated by a novel statistical validation index, which from comparison to experimental data selects the most significant model. Comparison to the Copenhagen and to other deterministic approaches shows the advantage of the present analytical approach even for considerably rugged land relieves. The stochastic character of turbulence is implemented using the Gram-Chalier probability distribution. Exactness of the solution is manifest in stable convergence, which we control by a Lyapunov theory inspired criterion. The most adequate probability distribution for the wind scenario of interest is indicated by a novel statistical validation index, which from comparison to experimental data selects the most significant approach. Comparison to the Copenhagen and to other deterministic approaches shows the advantage of the present analytical approach even for considerably rugged land relieves. Our chapter is organised as follows. In section 2 we report on the state of the art of stochastic wind profile modelling, and show how a closed form solution may be obtained by Adomian's decomposition method. In 3, we present the numerical results for three probability density functions and in section 4 we come to our conclusions.
Stochastic Wind Profile Modelling
Dispersion of radiactive material in the planetary boundary layer is a stochastic process and thus obeys a stochastic law which may be expressed as a set of stochastic differential equations. For a time dependent regime considered in the present work, we assume that the associated Langevin equation adequately describes such a dispersion process, which we test by comparison to other methods in order to pin down computational errors and finally analyse for model adequacy. We are aware of the fact that up to date there do exist a variety of models and approaches to the problem, either based on numerical schemes, stochastic simulations or (semi-)analytical approaches and indicate in the further a selection of models. Numerical approaches may be found in the works of Tangerman Tangerman (1978) , Brebbia Brebbia (1981) , Chock et al. Chock et al. (1996) , Sharan et al. Sharan et al. (1997) and Huebner et al. Huebner et al. (2001) . There are various models that have been used effectively in the past www.intechopen.com Stochastic wind proiles determination for radioactive substances released from nuclear power plants 269
to describe tracer dispersion Zannetti (1990) , Seinfeld and Pandis (1998) , Arya (2003) , Arya (1999) , and many of them make use of analytical approaches Lin and Hildemann (1997) ; Seinfeld and Pandis (1998); Sharan et al. (2003) . One also finds semi-analytical methods, where we mention the works of Parlange Parlange (1971 ), Dike Dike (1975 , Henry et al. Henry et al. (1991) , Grisogono and Oerlemans Grisogono and Oerlemans (2001) , Metha and Yadav Metha and Yadav (2003) , Carvalho et al. Carvalho et al. (2005a) and Carvalho and Vilhena Carvalho and Vilhena (2005 Carvalho et al. (2005a; b; 2007a; b) ; Szinvelski et al. (2006) . An alternative analytical method for solving linear and non-linear differential equations was developed by Adomian Adomian (1988) , known as the decomposition method. The decomposition procedure permits to cast the solution into a convergent series by using the necessary number of iterations for both linear and non-linear deterministic and stochastic equations. The advantage of this method is that it provides a direct scheme for solving the problem without the need for linearisation or transformations. There exists a vast literature about applications of this method to a broad class of physical problems and we cite the works we considered relevant for the further discussion Adomian (1988; 1994; ; Dehghan (2004); El-Wakil et al. (2006) ; Eugene (1993); Inc (2004) ; Laffer and Abbaoui (1996) . 
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ering the measured data of ground-level concentration from a tracer experiment Gryning and Lyck (1984) .
The decomposition method for a stochastic process
A time dependent stochastic process µ is typically characterized by its time evolution, which depends on stochastic contributions, such as expectation values (E n ) of mean field character (E 0 ) and higher moments (here E 2 ), respectively. In our case we consider the Langevin equation to describe turbulence.
Here dΣ is a stochastic measure for random motion and E 0 represents a drift like term, whereas E 2 is a measure for diffusion intensity, which satisfy the usual Lipschitz continuity condition in order to ensure the existence of a unique strong solution. In case of a Wiener process µ(t) is Markovian, but in our case we presume that the process is an Itō process, i.e. it depends on the present and previous values, hence the integral form of mean field and fluctuation contributions. Note, that the integral form will be used further down in order to set-up the solution following Adomian's prescription, which we resume in the following. One may rewrite the stochastic equation from above (1) as a differential equation, upon using the limit τ → 0 and separating all terms depending on the process µ including the differential operator (LHS of equation (2)) from the noise generating term G(t) (the stochastic contribution, last term in eq. (1)).
According to Adomian, one splits the linear operator, that includes the derivatives L L with known inversion from the non-linear terms L N . Further we write µ(t) as a sum of a convergent sequence µ i (t), still to be specified, and the non-linear term is cast into a sum of so called Adomian functional polynomials Adomian (1988) .
For the non linear part we use a normal convergent operator expansion
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and rewrite the non-linear term as
where we introduced the shorthand notations for the derivative terms F (n) 0 and the polynomial coefficients (
. Introducing these terms into the original differential equation permits to identify corresponding terms, that give rise to the iterative scheme in the spirit of Adomian as shown next.
There are many possibilities to set up an iterative scheme which upon truncation to n terms in A n and n + 1 terms in µ n yields an approximate solution in analytical form. Instead of solving the original Langevin equation we cast the problem into a set of simpler equations which may
. . .
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The way we have set up the iterative scheme defines the seed µ 0 (t) of the functions iteration by the stochastic contribution as source term, whereas the remaining iterators are simply given by the Adomian functional polynomials as source terms of the equations to be solved. Note that in order to evaluate the i-th iteration step µ i the µ j with j < i are known from the previous iteration steps. Moreover, the functional expansion of the non-linear term around the function µ 0 shows how the stochastic term effectively enters in the remaining terms µ i with i > 0 from the non-linearity.
A convergent closed form solution
The iteration defines a convergent series towards µ for all t in a certain domain, thus the solution µ = lim n→∞ ∑ n i=0 µ i is manifest exact. Since this scheme defines an explicit analytical expressions for the µ i and A i , respectively, one arrives at a procedure which permits to solve the differential equation without linearisation in closed form. The procedure has been applied to a variety of non-linear problems but an analytical procedure for testing convergence to the best of our knowledge has not been presented in literature, only numerical schemes may be found, see for instance refs. Inc (2004) and Aminataei and Hosseini (2007) . In general convergence is not guaranteed by the decomposition method, so that the solution shall be tested by a convenient criterion. Since standard convergence criteria do not apply for the present case due to the non-linearity and stochastic character, we present a method which is based on the reasoning of LyapunovBoichenko et al. (2005) . While Lyapunov introduced this conception in order to test the influence of variations of the initial condition on the solution, we use a similar procedure to test the stability of convergence while starting from an approximate (initial) solution µ 0 (the seed of the iteration scheme). Let us denote |δZ n | = ∑ ∞ i=n+1 µ i the maximum deviation of the correct from the approximate solution Γ n = ∑ n i=0 µ i , where · signifies the maximum norm. Then convergence occurs if there exists an n 0 such that the sign of λ is negative for all n ≥ n 0 .
In the further we apply the decomposition method as presented in general form above to the problem of tracer dispersion for three different turbulence probability density functions, i.e. Gaussian, bi-Gaussian and Gram-Chalier, respectively. The analysis of convergence is applied to all cases that shows that for n 0 = 4 the approach is convergent with an error less than 1%.
The Langevin Equation for Stochastic Turbulence
The stochastic equation (1) may be interpreted in terms of the Langevin equation, where µ represents the turbulent velocity vector with components u i . In the Langevin equation Rodean (1996) the time evolution of the turbulent velocity is driven by a dissipative term and a second term which may be understood as the gradient of a potential that depends on the fluctuations of the turbulent velocity and represents a mean field interaction of the pollutant with the environment it is immersed. The last term represents the stochastic contribution due to a continuous series of particle collisions.
Here u i with i = 1, 2, 3 is a Cartesian component of the turbulent velocity, which is related to the infinitesimal displacement and the wind velocity
Stochastic wind proiles determination for radioactive substances released from nuclear power plants 273 (9) depend on the employed probability density function. Here C 0 is the Kolmogorov constant, ε is the rate of turbulence kinetic energy dissipation, and ξ i is a random increment according to a probability density function. Upon application of the described decomposition method from above (see 2.1) on equation (9), the turbulent velocity is decomposed into a series and the non-linear contribution is taken care of by Adomian's procedure.
where the non-linear term is ∑ ∞ n=0 A i,n = u 2 i . In the iterative scheme the stochastic component is absorbed in the first term u 0 of the expansion and thus propagates through all subsequent terms, whereas the non-linear (mean field) term enters as a correction from the second term on. For any given truncation m the solution for the considered problem (9) is given in closed analytical form summing up the terms ∑ m n=0 u i,n . So far we have not defined the probability density function, that characterizes the type of turbulence which is correlated to the stability of the planetary boundary layer (PBL). In the studies of turbulent dispersion the stochastic behaviour may be classified according to stationarity or non-stationarity, according to spatial properties as homogeneity or non-homogeneity and according to the profile of the wind distribution, as Gaussian or non-Gaussian. When employing Lagrangian models one usually considers stationary and homogeneous turbulence in horizontal sheets and non-homogeneous and either Gaussian or non-Gaussian in the vertical direction depending on the stability condition. In stable or neutral conditions the velocity distribution may be considered Gaussian, whereas during convective conditions the velocity distribution is non-Gaussian because of the skewness of the turbulent velocity distribution, which has its origin in up-and down-drafts with different intensity. In the following we present the solutions for the Gram-Chalier probability density functions together with their model validation against the data from the Copenhagen experiment Gryning and Lyck (1984) .
The Copenhagen experiment
The Copenhagen tracer experiment Gryning and Lyck (1984) was carried out in the northern part of Copenhagen. A tracer (SF 6 ) was released without buoyancy from a tower at a height of 115m and collected at the ground-level positions in up to three crosswind arcs of tracer sampling units. The sampling units were positioned 2km − 6km from the point of release. A total of nine tracer experiment runs were performed in stability conditions as shown in table 1. The site was mainly residential with a roughness length of 0.6m. Wind speeds at 10 and 115 meters were used to calculate the coefficient for the vertical exponential wind profile, which is used to model the wind speed.
where U(10) is the wind speed in 10m and U(115) is the wind speed in 115m, respectively. For the simulations, the turbulent flow is assumed inhomogeneous only in the vertical direction and the transport is realized by the longitudinal component of the mean wind velocity. The horizontal domain was determined according to sampler distances and the vertical domain was set equal to the observed PBL height. The time step was maintained constant and was obtained according to the value of the Lagrangian decorrelation time scale
C is an empirical coefficient set equal to 10. In Equation (10), the product C 0 ε is calculated in terms of the turbulent velocity variance σ 2 i and the Lagrangian decorrelation time scale τ L i Hinze (1986) ; Tennekes (1982) , which are parametrised according to a scheme developed by Degrazia et al. (Degrazia et al. (2000) ). These parametrisations are based on Taylor's statistical diffusion theory and the observed spectral properties. The concentration field is determined by counting the particles in a cell or imaginary volume in the position x, y, z. The integration eq. (10) was computed by the Romberg method.
Solution for Gaussian turbulence
In the case where a Gaussian probability density function describes best the stochastic turbulence the coefficients of the Langevin equation (9) and (10) are
In Table ( 2) we compare the experimental findings with the model predictions by the proposed procedure (ADM -Adomian Decomposition Method), by the Itō method Rodean (1996) , by the ILS method Carvalho and Vilhena (2005) and the early analytical derivation (ANA) by Uhlenbeck and Ornstein Uhlenbeck and Ornstein (1930) . From the comparison one observes a reasonable agreement among the models and also with the experimental data. In the following table the numerical convergence of the ADM approach for a Gaussian probability density function (pdf) is indicated. The convergence analysis shows that already a few terms represent an analytical solution with spurious error only. Table 2 . Concentrations of nine runs with various positions of the Copenhagen experiment and model prediction by the approaches ADM, ILS, Itō and ANA, using a Gaussian probability density function.
the Adomian approach depending on the number of terms for the 9 experimental runs. Note, that the more negative the exponent λ the more stable is convergence. Figure ( 2) shows the dispersion of the Copenhagen experimental data in comparison with their model predictions by ADM, Itō, ILS, ANA. Note, that the closer the data are grouped to the bisector the better is the agreement between experiment and prediction.
In figure 3 we show the linear regression of each model, where the closer their intersect is to the origin and the closer the slope is to unity the better is the approach. By comparison one observes that the present approach yields the best description of the data. Details of the regression may be found in table 4. In order to perform a model validation we introduce an index κ which if identical zero there is a perfect match between the model and the experimental findings.
Here a is the slope, b the intersection, C oi the experimental data andC o the arithmetic mean. 
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but in the average model and experiment shall coincide, thus the introduced index represents a genuine model validation.
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Solution for bi-Gaussian turbulence
In the convective boundary layer, the heating of the air layer close to the ground produces turbulent flux which gives origin to the so-called up-and down-drafts. This phenomenon is not symmetric but has a more intensive contribution from the up-drafts. Because of mass conservation the down-drafts occupy a larger area. As a consequence the stochastic term shall be asymmetric which excludes the Gaussian probability density as a convenient function. There is no indication for a unique probability density function so far, nevertheless the following characteristics shall be present.
• The probability density shall have an enhanced tail towards higher velocities, that indicate the more energetic up-drafts, but with a smaller integral proportion than downdrafts.
• The probability density shall have a pronounced maximum at negative velocities, i.e. the down-drafts.
One finds typically two types of asymmetric probability density functions in the literature, the bi-Gaussian and the Gram-Chalier distribution, where the latter is represented by a truncated series of Hermite polynomials.
In the further we discuss the bi-Gaussian probability density function, which contains a linear superposition of two Gaussian functions, one with maximum probability at a positive velocity, the other one at a negative value as for instance in ref.
Baerentsen and Berkowicz
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Stochastic wind proiles determination for radioactive substances released from nuclear power plants 279 (1984) . Baerentsen e Berkowicz (1984) used a pair of Langevin equations, one for up-and one for down-drafts, each with its specific Gaussian function. In this work we condense this phenomenon in one equation, introducing a sum of two Gaussian functions with different parameters and relative weight.
where A 1 and A 2 define the relative proportions between up-(P 1 ) and down-drafts (P 2 ) for the vertical turbulent velocities (w).
Here, m 1 , m 2 are the average probabilities of P 1 and P 2 , respectively, and σ 1 and σ 2 represent the standard deviations of each distribution. The mean up-and down-draft velocities are
and the respective standard deviations are
A general prescription on how to determine the parameters A 1 , A 2 , m 1 , m 2 , σ 1 and σ 2 consists in the usage of generating functional of moments.
From the normalisation and the first four statistical momenta one obtains an equation system which eliminates the unknowns.
Upon application of the bi-Gaussian probability density function the expression for the deterministic coefficient of the vertical dimension in the Langevin equation is then,
Using the deterministic coefficient the Langevin equation reads
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where φ is obtained upon application of the bi-Gaussian probability density function Luhar et al. (1996) :
In a more compact form this yields for the Langevin equation with a bi-Gaussian probability density function (25) dw dt
where
In Table ( 5) the concentrations of the measurements together with theoretical predictions of ADM, ILS and Itō are presented. Table ( 6) shows the numerical convergence of the ADM method. As already evident in the previous case also for the bi-Gaussian probability density function only a few terms are necessary in order to represent a solution. We also apply the model validation as introduced in the previous section to the model application with the bi-Gaussian probability density function. One observes that the all three approaches are more or less close to the bisector, however the comparison with the model validation from the previous case shows that the Gaussian probability density function seems more adequate for the stability condition of the experiment which is also manifest in the smallest κ for ADM. From the comparison of the regressions in table 7 one recognizes that the three approaches behave similar with respect to R 2 but show larger values for κ in comparison to the case where the Gaussian probability density function defined the stochastic character of the turbulence.
Solution for Gram-Chalier turbulence
The use of the Gram-Chalier probability density function for stochastic Lagrangian models was proposed by Ferrero e Anfossi (1998) Ferrero et al. (2000) , which makes use of an expansion in Hermite polynomials. In the present discussion we use the series until the fourth resulting in an asymmetric probability density function for the vertical turbulent velocities.
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Inserting the deterministic coefficient (31) into the Langevin equation renders the latter
www.intechopen.com Table 7 . Comparison of the linear regressions using the bi-Gaussian probability density function.
In short hand notation this reads
In table (8) we present the concentrations of the Copenhagen experiment together with the results from the ADM, ILS and Itō approaches. Table 9 shows the numerical convergence of the ADM method. As in the two previous cases only a few terms reproduce with considerable fidelity the exact solution with a Gram-Chalier probability density function. Figure (8) shows the dispersion plot of observed against predicted data. In Figure ( 9) are shown the linear regression for the three approaches. All three methods, ADM, ILS and Itō reproduce reasonably well the expected bisector. Using the model validation index κ shows that for all three probability density functions the ADM approach yields results closest to the expected concentration profile.
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Model Regression R 2 κ ADM y = 1, 09x + 113, 83 0, 85 0, 12 ILS y = 0, 90x + 112, 17 0, 87 0, 13 ITO y = 0, 78x + 324, 52 0, 62 0, 33 Table 10 . Comparison of the linear regressions for the ADM, ILS and Itō approach using the Gram-Chalier probability density function.
for the Adomian approach in stochastic problems is given since the drift and dispersion terms www.intechopen.com We showed in a general form how to construct a recursive scheme where convergence is understood. A genuine criterion was introduced based on Lyapunov's theory, that in our case tests stability of convergence. Application of that criterion showed that in all three cases only up to five terms are necessary so that the approximate solution differs from the real solution by less than one percent. On the one hand, the generality of the proposed solution with respect to the considered probability density functions on the other hand the controlled convergence permits to validate the model in question. In this line we introduced a novel index, that describes the deviation of the model prediction from the one represented by the experimental data, using the relation between predicted to observed tracer concentrations. Based on this index we verify that the model with the Gaussian density function yields within the phenomenon inherent fluctuations the best agreement between model and observation. Among the three probability distributions the Gaussian one is from the physics point of view considered the most adequate for the Copenhagen experiment. A statistical analysis showed good agreement between predicted and measured data and all values are within the range that are characteristic for other state-of-the-art approaches. The ranking from the analysis defines the sequence ADM, ILS, Itō, ANA, which is manifest in the fact that the ratio of predicted to observed concentrations in the ADM approach was reasonably close to the bisector. Thus, the present approach may be considered a valuable procedure to simulate tracer dispersion in the atmosphere until new improvements will alter the present picture.
We believe that we have done a step into a new direction with the present contribution, that may be useful to analyse meteorological aspects as well as simulate possible scenarios, for the purpose to analyse (possible) consequences of radioactive discharge and its relation to radiological consequences of routine discharges and potential accidental releases of radioactive www.intechopen.com
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substances from nuclear power plants. Furthermore, these case studies by model simulations may be used to establish limits for escape of radioactive material from the power plant into the atmosphere. Since measurements are typically performed in a limited set of positions a calibrated model is able to reconstruct the three dimensional wind velocity field considering especially the contributions by turbulence. To the best of our knowledge up-to-date the tracer technique is not used for site evaluation, but could supply valuable information on the wind properties for a given region of interest and its time-behaviour.
